Gravity is a common stimulus affecting plant growth and development, from seed germination to positioning of flowers for pollination and seeds for dispersal. Classic models of plant gravitropism have revolved around biophysical perception of the gravity stimulus and the effects of plant growth regulators on the growth response. Transcriptional regulation of the gravitropic mechanism has been largely ignored. The aim of this experiment is to identify putative regulatory functional elements, including transcription factor binding sites and cis -regulatory modules involved in gravitropic signal transduction.
Introduction
Gravitropism refers to the plant growth response in the Earth's gravity field. Plants use gravity to control everything from the direction of growth of an emerging seedling, to the positioning of plant organs (stems, branches, primary and lateral roots, flowers and seed pods). Simplistically, gravitropism has been broken down into three steps: perception, signal transduction and growth response [1] . Commonly, the gravitational stimulus is believed to be sensed by dense organelles: statoliths. Statoliths, often amyloplasts full of starch, are located in specific cell layers (the columella cells of the root cap and in the starch sheath surrounding the vascular tissue in the shoots) that are known to control the gravitropic response (reviewed in [2] ). When a plant is re-positioned relative to the gravity field, the statoliths "settle" on the new physical "bottom" of the cell, initiating a signal transduction cascade. Although in existence for over 100 years, the Starch-Statolith hypothesis does not tell the full story. Mutants lacking starch-filled statoliths also respond to gravity, indicating that additional mechanisms must be involved [3, 4] . The signal transduction phase of the gravitropic pathway has been dominated by the movement and redistribution of the plant growth regulator auxin. However, how statolith sedimentation directs redistribution of auxin is still largely unknown. More recently, research has identified other potential aspects of the signal transduction phase (for review see [5] ). Potential roles for cytoplasmic pH [6] , cytoskeletal rearrangements (for review see [7] ), inositol 1, 4, 5-triphosphate [8, 9] , and reactive oxygen species [10, 11] have all been proposed, but how these fit into the pathway is not clear. A plant's response to the gravitropic stimulus is a growth response that results in organ curvature to maintain the organ's original position to the gravity field. This curvature is the result of the different elongation of the cells within the elongation zone. The response leads to cell expansion, cell wall synthesis, and other physiologic events (for review see [12] ).
Most gravitropic experiments have focused on the biophysical movement of statoliths, imaging of proton and calcium gradients, or the physiological interactions and responses involved with auxin and the growth response. Physiological experiments and mutant analyses have provided the majority of the data. Little has been done on a genome scale to identify components of the mechanism that might be under transcriptional control.
The analysis presented here is designed to identify potential cis -regulatory elements that are controlled by events of gravitropic signal transduction. A bioinformatics approach to identify cis -regulatory elements from gravitropic microarray data is employed. The approach employed a pipeline for mining microarray and genome sequence data to identify regulatory features by searching for functional elements that are significantly over-and under-represented in the DNA regulatory regions of genes clustered based on their transcription profiles. The raw data (the expression values from a gene expression microarray experiment), analyzed here, were obtained from Kimbrough et al. [13] . Briefly, 7-day-old Arabidopsis thaliana seedlings were either rotated 135
• to provide a gravity stimulus or oscillated gently for 5 s to control for the mechanical movement of rotation. The RNA was extracted from the root tips from each group at six time points after treatment: 0, 2, 5, 15, 30, and 60 min. The RNA was amplified and hybridized to Arabidopsis ATH1 GeneChips r . The resulting microarray data were analyzed, and the discovered genes were clustered based on their expression profiles. The clusters were then subjected to a motif discovery analysis pipeline to determine the interesting motifs and modules shared among the promoter regions of the genes involved in these clusters.
The remainder of the article is organized as follows: In Secton 2, the results of the microarray experiments are presented together with the analysis of the expressionbased clusters derived from said analysis. In Section 3, the methods employed during the analysis presented here are discussed in detail. Finally, in Section 4, conclusions, derived from the results and their discussion, are presented.
Results
Analysis of the microarray data (obtained from Kimbrough et al. [13] ) identified 154 genes significantly up-or downregulated in the gravitropic response. The genes were grouped into 9 clusters based on similarities in their expression profiles across the time course. Promoters for all A detailed analysis of the promoter regions of the clustered genes identified regulatory genomic signatures [14, 15] , i.e., putative cis -regulatory elements and modules associated with gravitropic control of transcription.
Genes which have similar expression patterns typically share the same regulatory element (word) in their promoter regions. In eukaryotes, regulatory elements usually consist of 6-10 nucleotides. Thus, for each cluster, the top five statistically over-represented 6-mers are presented in Table 2 . The words, which represent putative regulatory elements, were sorted in descending order by the Sln(SEs) score (S is the number of sequences in which a word occurred and Es is the number of sequences in which the word was expected to occur). The table also shows, for each word, the number of occurrences (O), the reverse complement, the rank of the reverse compliment in the sorted word list, whether it is a palindrome, and the p-value detailing the significance of the word based on the computed number of occurrences.
Because a regulatory element may vary, a motif is often used to represent its variations. Interesting words in each gene cluster were selected for word-based clustering, wherein a motif was constructed from all words that were similar to (i.e., are within a hamming distance of 1 of) the top words. Motif logos for the top two words from each cluster are presented in Table 3 .
Often, gene regulation is controlled by multiple regulatory elements (called a cis-regulatory module) that work in conjunction. To identify putative cis -regulatory modules, a module discovery algorithm was applied to the top 25 statistically over-represented words. Table 4 shows the The selection process for the most interesting putative regulatory words (Table 5 ) and modules (Table 7) produced short lists. The list of significant words as putative regulatory elements and the putative elements making up the predicted modules are checked against the currently known transcription factor binding sites contained in the Arabidopsis Gene Regulatory Information Server (AGRIS) database [16, 17] (Tables 6 and 8 ), and TRANSFAC [18] and JASPAR [19] databases (Table 9 ). Among the significant words (32 in total), five of them are known and reported in AGRIS, and 14 can be found in the TRANSFAC and JASPAR databases.
Interestingly, several words are similar, i.e., they have the same core which may play an important regulatory role. Specifically, TAAGCC and TCTAAG have the same core of TAAG. TAACTC, TCTAAC, and TGTAAC not 35 [20] , while Myb2 is furthermore known to be involved in the regulation of salt tolerance in Arabidopsis thaliana [21] . CCTTTC and ACCTTC share CCTT, with CCTTTC being associated with the CArG2 motif in APETALA3 (AP3). GGATAC and CAATAC share ATAC and are associated with the GATA box as well as AGATAG and AGATCA, which share AGAT, also an integral part of the GATA family. Furthermore, three pairs of words have a hamming distance of 1: CGAACC and CCAACC; TCTAAC and TGTAAC; GTATCC and GTATCT. 
Microarray Analysis
The raw microarray data were analyzed using Bioconductor [22] , an R package suite for microarray analysis. First, the data were normalized using an un-scaled standard error (NUSE) plot for quality assessment:
Expression values are corrected for background noise using GCRMA [23] (Fig. 1) . Rank Product, a nonparametric method [24] , was used to identify the differentially expressed genes in the data set. Differentially expressed genes were then selected based on the false positive prediction. A p-value of 0.15 was chosen and resulted in a list of 154 genes.
Once the differentially expressed genes were identified, they were clustered based on their transcriptional expression pattern. Two criteria were used to cluster the genes: within cluster similarity and between cluster dissimilarity. The Point Accepted Mutation matrix ... [25] was used since the objective was to partition genes into several groups rather than to find the hierarchical structure. Initially, genes were clustered into 10, 15, and 20 groups. Clustering in 15 or 20 groups resulted in less than 10 genes per cluster, which is not ideal for further analysis because it does not provide large enough data sets to detect statistically interesting words. Thus, 10 clusters proved to be the most appropriate. For 10 clusters the algorithm produced an empty cluster, which is subsequently discarded.
GO Analysis
To provide insight into the GO terms associated with the genes of the nine clusters as well as the complete set of genes subjected to the motif discovery analysis, a GOstat [26] analysis was conducted. GOstat supported the clustering of extracted GO terms and the associated genes, allowing functional similarity assessments of the genes. The GOstat analysis was executed for the 9 gene clusters as well as for the whole gene list containing 150 elements, since 4 of them cannot be associated with actual gene products. A p-value, which evaluates the matched level of genes and corresponding GO items, was set to 0.1 as a threshold. As no output can be generated for cluster 4 with the p-value set to 0.1, it was to be adjusted to 0.2.
Statistically Over-Represented Words
For each cluster of genes, the promoter regions were retrieved from AGRIS67. All words of the specified length 6, which were present in the promoters, were enumerated. The expected number of occurrences for each word was computed using an order 4 Markov model (the method is described in [14] ). Equations (2) and (3) show, respectively, the equations that were used to compute the expected number of occurrences and the expected number of sequences hit, for each word w, with p w being the probability of the word w, l i being the length of sequence i (out of a total of m sequences) and v being the length of w. 
Based on these two expected values, for each word, multiple scores were computed: SlnSE score (S ln S Es [21] ) and P -value (4),
A p-value threshold (0.05) was set for choosing significant words. Among the top five words, the top two words and the words with a p-value smaller than 0.05 were selected as significant.
Word-Based Cluster
To construct motifs, top scoring words were chosen as seeds. All enumerated words that exhibited a hamming distance of 1 from the seed word were identified and used to construct motif logos based on position weight matrices using the TFBS Perl module by Lenhard and Wassermann [27] . 40 Table 2 Top 
Module Discovery
To identify putative binding modules, all combinations of word pairs, and their frequencies, were enumerated. The primary statistical value that was used in module discovery was the number of sequences in which a word pair was expected to occur. This statistic is generated from the expected value of sequence hits for a single word, based on the assumption that, for each position, the probability of occurrence of each nucleotide is independent. Let Z j be a binary random variable, defined as follows:
Suppose that there are m sequences, and that the length of sequence j is l j . W k represents a word, |W k | is the length of such word, and p wk is the probability of the specific word. Let W = {W 1 , . . . , W n } be the set of all words enumerated from the sequences. The number of sequences in which of a set (pair) of words is expected to occur, is computed according to (6) . 42 Table 3 Motif Logos The table presents motif logos for top two over-represented words of each gene cluster. Subfigure a corresponds to the highest ranked word, while Subfigure b corresponds to the second highest ranked word (Continued ) 
Besides the statistical scores, this project also computed gap and density for each word pair. The density distribution was evaluated and generated. Density for word pair is defined as |W i | + |W j |/span, where span is the total number of nucleotides covered by the word pair and the gap between the words of the pair. Note that density is in the range of 0-100%.
In this case, the top 25 statistically over-represented words of each cluster were chosen for the module discovery. All modules containing at least one word from the significant word list (Table 5) were considered as interesting modules (Table 7 ).
Comparison
Predicted cis -regulatory elements were compared with the currently available knowledge of transcription factor binding sites. The words that belong to either significant words or interesting modules were compared to the TFBS list in AGRIS. The reference information of matched motifs, including the matched binding sites and the reported publication, was reported for corresponding cis -regulatory elements.
In addition to the AGRIS-based lookup, a comparison of the word and module elements against the established transcription factor binding site knowledge compiled in the TRANSFAC8 and JASPAR9 databases was conducted using a modification of the approach by Jacox and Elnitski [28] . The sequences of each cluster were marked up with annotations regarding the TRANSFAC binding sites and subsequently analyzed for overlap with the discovered words. The matches between words and binding sites were used as the foundation to assess if a transcription factor would bind to a word by computing the ratio of actual matches between word and transcription factor binding sites and the total occurrences of the word. A threshold of 0.75 was applied to limit the results to a set of significant transcription factor matches.
Conclusions
This paper identifies regulatory genomic signatures for sets of related genes. Starting with microarray data, genomic analysis software was employed to identify putative regulatory elements and modules. Thirty two words (Table 5) were selected from the top ten over-represented words of each cluster, and are considered as putative cis -regulatory elements due to their statistical over-representation.
In addition to analyzing single words, this research project also identified significant pairs of over-represented words, which constitute putative regulatory modules. After comparing statistically over-represented modules and selected words, 55 modules, (Table 7) , were chosen as putative cis -regulatory modules with the highest potential biological interest. All the modules contain a pair of words, in which at least one of them was selected from the significant word list (Table 5) . Out of the 55 modules, six modules' components are both from significant words. Note that several words are shared by more than three modules. Furthermore, the average density and distance 44 are associated with each module ( Table 7 ). Note that, while most modules have the density lower than 10%, module CCTCAC_GAGTAT has a density of 39.2106%, with an average distance of 179 bps between its elements.
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